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Abstract: The resilience and profitability of livestock production in many countries can be impacted
by shocks, such as drought and market shifts, especially under high debt levels. For farmers to remain
profitable through such uncertainty, there is a need to understand and predict a farming business’s
ability to withstand and recover from such shocks. This research demonstrates the use of biophysical
modelling linked with copula and Monte Carlo simulation techniques to predict the risks faced by
a typical wool and meat lamb enterprise in South-Eastern Australia, given the financial impacts of
different debt levels on a farming business’s profitability and growth in net wealth. The study tested
five starting gearing scenarios, i.e., debt to equity (D:E) ratios to define a farm’s financial risk profiles,
given weather and price variations over time. Farms with higher gearing are increasingly worse off,
highlighting the implications of debt accumulating over time due to drought shocks. In addition
to business risk, financial risk should be included in the analyses and planning of farm production
to identify optimal management strategies better. The methods described in this paper enable the
extension of production simulation to include the farmer’s management information to determine
financial risk profiles and guide decision making for improved business resilience.
Keywords: copulas; farm financial management; production economics; multivariate distributions;
risk and variability; sheep
1. Introduction
Due to the uncertainties and variabilities in international prices and exchange rates,
Australian farmers are considered to face high production and output price risks, according
to the Organisation for Economic Co-operation and Development (OECD) [1,2]. Assessing
farm financial viability helps farmers make informed decisions with more awareness of
their business’s potential risks [3].
Of the more than 80,000 farm businesses in Australia, 32,000 are sheep-and-lamb-
producing, and 99% of these are Australian owned and operated [4]. According to
Frilay et al. [5], typical sheep and lamb businesses in Australia have incurred average
debts of A$688,000 over the past ten years, potentially impacting the long-term viability
of a farm’s capacity to service debt. Malcolm [6] highlights that capital investment in
agriculture is pivotal and focusing on economic analysis alone without giving equivalent
attention to finance is “half the job”. Previous studies [7] have analysed risk through gross
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margins or risk methodology [8] without taking into account the relationship between
production and prices and the impact of farm debt. These methods are likely to lead
to inaccurate conclusions and sub-optimal decision making when considering strategies
based on historical data. Hutchings and Nordblom [9] use discrete stochastic programming
to optimise cash flow margins using Monte Carlo simulation. We make use of historical
data and its relationships using copulas to advance these past studies.
Since both profit and cost depend on the prices and quantities of inputs and outputs,
net profit distribution can be considered the weighted outcome of all these variables. This
is a stochastic problem dealing with jointly distributed random variates. The probability
distribution of the net profit will depend on the joint multivariate distribution of all
prices and quantities, which is difficult to obtain analytically, as the individual univariate
probability distributions are often different and non-Gaussian. The use of ‘copula’ has
emerged as an industry standard for financial risk management, which can give the joint
distribution by combining all univariate distributions through multivariate operations,
based on Sklar’s Theorem [10]. Common copula functions include Gaussian, Student’s t,
Clayton and Gumbel, where the latter two are most useful when variables exhibit strong
tail dependence [11].
Copula-based methods have recently been applied to agricultural risk management
and proven useful [12]. For example, Nguyen-Huy et al. [13] used copula methods to obtain
the conditional value-at-risk for a wheat farming portfolio while Ji et al. [14] modelled the
time-varying dependence structure between energy and agricultural commodity markets.
Vergni et al. [15] used bivariate copula models to analyse the characteristics of droughts.
Ribeiro et al. [16] demonstrated the use of copula methods to model the drought risk of
rainfed cropping systems. In the present study, copula methods are applied to model the
lamb and wool production risks due to variations in prices and weather.
The aims of this study are to understand sheep enterprises’ ability to survive and
be sustained economically and financially surrounded by variable, and possibly extreme,
weather conditions, including a period of severe drought and fluctuating prices, while
capturing their historical relationship using copulas. We have adopted a whole farm
approach to estimate the impact of either low or typically substantial opening debts on the
risk profiles through applying the novel copula-based methods.
2. Materials and Methods
Farm production output was generated, taking into account weather variability, using
the GrassGro decision support tool [17], which is used to assist decision-making in Aus-
tralian sheep and beef enterprises. The whole farm risk analysis model (Figure 1a) was
built using production outputs generated by GrassGro and historical prices and costs for
the same period. Distributions were fitted on these inputs that were also correlated using
copula. Farm’s businesses decadal key performance indicators (KPIs) were captured by
integrating balance sheets, profit and loss budgets and cash flows over a ten-year simula-
tion horizon (Appendix B). These financial statements were linked together for each of the
five debt to equity (D:E) ratio scenarios using Microsoft Excel functionalities. The numbers
at year 0 were static; however, these were dynamic for years 1 to 10 based on the closing
figures in the previous years (Figure 1b). Monte Carlo simulations were run to capture all
possible outcomes.
Production data from 2002 to 2017 simulated using the CSIRO GrassGro software
were used for this analysis, which included severe drought periods during 2002 and 2006
(Figure 2) [19] covering many of the sheepmeat growing regions of Australia [20]. The
variability in the production of grazing systems is driven by altering weather conditions
annually, and was predicted through simulation using GrassGro version 3.3.9 [17]. Using a
representative case study approach [21] the model was set up to replicate a 1000 Hectare
(ha) Merino ewe farm near Tarcutta (Figure 2), south-western New South Wales (NSW), and
calibrated using a field experiment conducted between 2006 and 2010, which is previously
reported in Robertson et al. [22]. GrassGro is a mechanistic biophysical model that allows
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farmers and natural resource managers to focus on the biophysical interactions within
a farming system [17]. It quantifies pasture and animal production at daily time-steps.
Pasture and animal production data are extractable and are available for the analysis
of risk.




Figure 1. (a) Sheep farm risk assessment model. The diagram distinguishes between the following elements, each with its 
own shape: Decisions: Rectangle, Input parameters: dashed line triangles for volatility, Output: Oval, Objectives: Hexagon, 
Diagram idea source: Lehman and Groenendaal [18]. TGM is farm’s total gross margin, EBIT is earnings before interest 
and taxation, NP is net profit, NPV is net present value and MIRR is modified internal rate of return. (b) Interlinked 
financial statements. 
Production data from 2002 to 2017 simulated using the CSIRO GrassGro software 
were used for this analysis, which included severe drought periods during 2002 and 2006 
(Figure 2) [19] covering many of the sheepmeat growing regions of Australia [20]. The 
variability in the production of grazing systems is driven by altering weather conditions 
annually, and was predicted through simulation using GrassGro version 3.3.9 [17]. Using 
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Figure 1. (a) Sheep farm risk assessment model. The diagram distinguishes between the following elements, each with its
own shape: Decisions: Rectangle, Input parameters: dashed line triangles for volatility, Output: Oval, Objectives: Hexagon,
Diagram idea source: Lehman and Groenendaal [18]. TGM is farm’s total gross margin, EBIT is earnings before interest
and taxation, NP is net profit, NPV is net present value and MIRR is modified internal rate of return. (b) Interlinked
financial statements.
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The simulated farm consisted of three paddocks; two 400 ha phalaris pasture pad-
docks and one 200 ha lucerne paddock. The annual loss in production as a result of estab-
lishing pasture over part of the farm was accounted for by lowering the soil fertility scalar 
and the pasture growth rate by 5% (assuming a 20-year life span for each pasture type). 
The simulated Merino ewe based first-cross lamb producing flock assumed purchased 
replacement ewes operating at a stocking rate of five ewes/ha. The standard reference 
weight of ewes was 55 kg with a genotype producing 4.95 kg greasy wool of 19.6-micron. 
On 1 February, the ewes were joined to Suffolk rams and the resulting crossbred lambs 
were born in July. Sufficient replacement ewes at 18 months of age were bought each Jan-
uary to maintain the flock size, and ewes were cast-for-age in November when 6 to 7 years 
of age. On average, around 15% of adult ewes were sold per annum and 110 lambs were 
sold per 100 ewes. The annual mortality rate for ewes was 5%, and they were shorn annu-
ally on 15 May. The sheep continually grazed pastures, and lambs were sold between 31 
October and 15 December. The lambs were not fed wheat supplements post-weaning and 
were sold early when the pastures were inadequate. The impact of drought meant lambs 
could not attain the target sale liveweight of 45 kg in years of low rainfall and poor pasture 
availability. However, the ewes were supplemented with wheat grain when pastures 
Figure 2. Map: Rainfall amounts based on rainfall deciles from 1997 to 2009 record d by th
Australian Bureau of Meteorology, see [19] for details. The case study site, Tarcutta, is indicated.
The simulat d farm consisted of three paddocks; two 400 ha phalaris pasture p ddocks
and one 200 ha lucer paddock. The annual loss in producti n as a esult of establishing
pasture over part of the farm w s accounted for by lowering the soil fertility scalar and the
pasture growt rate by 5% (assuming a 20-year life span for each pasture type). The simu-
lated Merino ewe based first-cross lamb producing flock assume purchased replacement
ewes operating at a stocking rate of five ewes/ha. The standard reference weight of ewes
was 55 kg with a genotype producing 4.95 kg greasy wool of 19.6-micron. On 1 February,
the ewes were joined to Suffolk rams and the resulting crossbred lambs were born in July.
Sufficient replacement ewes at 18 months of age were bought each January to maintain the
flock size, and ewes were cast-for-age in November when 6 to 7 years of age. On average,
around 15% of adult ewes were sold per annum and 110 lambs were sold per 100 ewes. The
annual mortality rate for ewes was 5%, and they were shorn annually on 15 May. The sheep
continually grazed pastures, and lambs were sold between 31 October and 15 December.
The lambs were not fed wheat supplements post-weaning and were sold early when the
pastures were inadequate. The impact of drought meant lambs could not attain the target
sale liveweight of 45 kg in years of low rainfall and poor pasture availability. However,
the ewes were supplemented with wheat grain when pastures were insufficient to keep
the body condition score at a minimum of 2.5. GrassGro production data were extracted
into an Excel spreadsheet, matched with variable prices and costs, and gross margins were
calculated for the 16 years from 2002 to 2017. 2016–2017 was taken as the base year to
which prices and costs were converted in real terms (Appendix A).
The key aim of the study was to assess the business and financial risk faced by a
typical wool and meat lamb enterprise in South-Eastern part of Australia by adopting a
probabilistic whole-farm model. The impact of five initial debt to equity (D:E) ratios (0%,
10%, 20%, 30% and 40% as gearing ratios) on the growth in net wealth was simulated.
For all gearing D:E scenarios, the opening asset levels were held constant, with debt
levels modified to achieve different D:E ratios (Table 1). This provided a ‘baseline’ of
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opening figures against which to gauge business equity progression or decline over the
simulated years.
Table 1. Opening balance sheet.
Assets Liabilities
Land $2,500,000 @$2500/ha × 1000 Hectares 1
Five opening debt to equity (D:E)
ratio scenarios:
• D:E Scenario1: 0%
• D:E Scenario2: 10%
• D:E Scenario3: 20%
• D:E Scenario4: 30%
• D:E Scenario5: 40%
Machinery $500,000
Livestock $674,965 approximately according to the
market value of ewes 2
Total Assets: $3,674,965 Total Liabilities: $0; $333,000; $613,000;$847,000; $1,050,000
1 The opening values for land and machinery were based on expert opinion. 2 The model accounts for ewes
bought and sold, and the stock numbers were maintained. The market value of ewes was based on Meat and
Livestock Australian (MLA) data as follows: Market Value ($/hd) = [Liveweight weight (kg) × 0.45 × Carcass
weight price ($/kg)] + Skin value ($/hd).
The GrassGro simulation holds all prices and costs at a fixed level while determining
gross margins (GM); for our study, however, it was important to capture the variations in
these values over the 2012–2017 period for wool, ewes, lambs and feed wheat as found in
key public sources [23–26] to populate Appendix A. For other variable costs, minimum,
most likely and maximum values for four different years of sheep enterprise data in NSW
for 2013–2014, 2014–2015, 2015–2016 and 2016–2017 from the Australian Agricultural and
Grazing Industries Survey (AAGIS) [27] were adopted. Changes in whole-farm financial
and economic performance were calculated using standard methods [28–31] to annually
determine the farm’s total gross margin (TGM), earnings before interest and taxation (EBIT)
and Net Profit (NP). The key performance indicators (KPI) of D:A (Debt:Assets or solvency
ratio), equity to assets (E:A or equity ratio), changing debt to equity (D:E or gearing ratio),
return on capital (ROC) and return on equity (ROE) were obtained from the balance sheet
and profit & loss statements for the decadal analysis. Cash flows were used to determine
the net present value (NPV) with a 4% discount rate and modified internal rate of return
(MIRR) [28–31] (Figure 1) with detailed explanations provided in Appendix B. Additionally,
Conditional Value-at-Risk [32–34] with a risk α of 10% (CVaR10) was determined for the
change in equity values for each D:E scenario over the 10-year simulation period to estimate
the potential mean tail-end losses of net wealth.
The fitted univariate distributions (and their theoretical summary statistics) for the
input variables (Figure 1) for all D:E scenarios are shown in Table 2. Gaussian copula was
fitted to establish the relationship between the inputs that gave total revenue and variable
costs. The empirical correlation matrix, which was used as a parameter in the Gaussian
copula, can be found in Table 3. These tables were also used to capture the changes in
livestock asset values represented in the balance sheet.
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Table 2. Fitted distributions of historical prices, total variable costs and quantities (and their theoretical summary statistics)
for the 1000 ha merino ewe and first-cross lamb enterprise.
Historical Prices and Quantities
Input Minimum Maximum Mean Median SD Distribution Parameter
Wool clean 20 µm ($/kg) 9.5 16.5 13.0 13.0 2.0 Uniform (9.5, 16.5)
Net wool cut (kg) 8695.2 17,173.3 15,760.2 16,075.8 1194.2 Pert (8695.2, 17,173, 17,173)
Price cwt mutton 18–24 kg ($/kg) 1.7 4.9 3.3 3.3 0.9 Uniform (1.7, 4.9)
Price merino sheep skin 24.1 kg + 1.5”–2” ($/skin) 6.6 24.6 15.1 14.9 3.7 Triangle (6.5, 14.1, 24.6)
Ewes sold cast for age (numbers) 791.0 961.6 847.9 841.0 40.2 Triangle (791, 791, 961.6)
Net cwt of ewes sold (kg) 23.7 29.4 27.5 27.8 1.4 Triangle (23.7, 29.4, 29.4)
Price cwt Trade lamb 18–22 kg ($/kg) 4.0 6.4 5.2 5.2 0.7 Uniform (4, 6.4)
Price cwt Light lamb 12–18 kg ($/kg) 3.2 6.4 4.8 4.8 0.9 Uniform (3.2, 6.4)
Price lamb skin 16.1–20 kg 1”–2” ($/skin) 3.4 19.3 10.8 10.5 3.3 Triangle (3.4, 9.7, 19.3)
Wether lambs sold (numbers) 2332.6 2863.0 2686.2 2707.6 125.0 Triangle (2332.6, 2863, 2863)
Net cwt of wether lambs sold (kg) 4.6 18.6 13.9 14.5 3.3 Triangle (4.6, 18.6, 18.6)
Ewe lambs sold (numbers) 2332.4 2866.0 2688.1 2709.7 13.1 Triangle (2332.4, 2866, 2866)
Net cwt of ewe lambs sold (kg) 5.0 16.5 12.7 13.1 2.7 Triangle (5.1, 16.5, 16.5)
Historical Total Variable Costs and Quantities
Total shorn (numbers) 4897.5 4939.9 4915.1 4913.9 9.0 Triangle (4897.5, 4908, 4940)
Ewe (numbers) 4855.8 4900.6 4885.7 4887.5 10.5 Triangle (4855.8, 4900.6, 4900.6)
Lamb (numbers) 4666.2 5726.0 5372.7 5415.6 249.8 Triangle (4666.2, 5726, 5726)
Ewes ($/head) 93.8 190.9 126.1 122.2 22.9 Triangle (93.8, 93.8, 190.9)
Ewes bought (numbers) 1042.0 1221.9 1115.3 1109.7 38.6 Triangle (1042.1, 1082, 1221.9)
Feed wheat prices (AUD/t) 228.4 771.2 318.8 298.6 76.5 Pert (228.4, 228.4, 771.2)
Total supplement fed (tonnes) * 0.0 1357.5 647.5 647.5 409.0 Uniform (0.0,1357.5)
Inputs without Historical Data Minimum MostLikely Maximum
Shearing ($/head) 11.4 11.9 12.1 Pert (11.4, 11.9, 12.1)
Husbandry ($/ewe) 7.8 9.0 10.6 Pert (7.8, 9.0, 10.6)
Husbandry ($/lamb) 500 746 2500 Pert (7.8, 9.0, 10.6)
Rams replacement ($/ram) 35.6 38.9 40.5 Pert (500, 746, 2500)
Pasture costs ($/ha) 26.5 26.5 26.5 Pert (35.6, 38.9, 40.5)
Pasture establishment costs ($/ha) 11.4 11.9 12.1 Pert (24.2, 26.5, 27.6)
* For Total supplement fed (tonnes), the original theoretical minimum was −62.6, which was not realistic. It was manually adjusted to 0.0.
Table 3. Empirical correlation matrix for Gaussian copula for the total revenue and total variable cost (input variables) for
the 1000 ha merino ewe and first-cross lamb enterprise.
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
1. Wool clean 20µm ($/kg) 1.0
2. Net wool cut (kg) 0.5 1.0
3. Price cwt mutton
18–24 kg ($/kg) 0.4 0.4 1.0
4. Price merino sheep skin
24.1 kg + 1.5”–2” $/skin) 0.6 0.3 0.2 1.0
5. Ewes sold cast for age
(numbers) −0.4 −0.6 0.0 −0.4 1.0
6. Net cwt of ewes sold (kg) 0.0 0.0 0.6 0.1 0.1 1.0
7. Price cwt Trade lamb
18–22 kg ($/kg) 0.4 0.3 0.9 0.3 0.0 0.5 1.0
8. Price cwt Light lamb
12–18 kg ($/kg) 0.5 0.4 1.0 0.3 0.0 0.5 1.0 1.0
9. Price lamb skin
16.1–20 kg 1”–2” ($/skin) 0.6 0.3 0.2 1.0 −0.4 0.0 0.3 0.2 1.0
10. Wether lambs sold
(numbers) 0.1 0.5 0.2 0.1 −0.4 0.1 0.1 0.1 0.2 1.0
11. Net cwt of wether
lambs sold (kg) 0.1 0.3 0.5 0.0 −0.1 0.6 0.4 0.3 0.0 0.2 1.0
12. Ewe lambs sold
(numbers) 0.1 0.5 0.2 0.1 −0.4 0.0 0.1 0.1 0.2 1.0 0.2 1.0
13. Net cwt of ewe lambs
sold (kg) 0.1 0.3 0.4 0.0 −0.1 0.6 0.3 0.3 0.0 0.2 1.0 0.2 1.0
14. Total shorn (numbers) 0.0 −0.1 0.2 0.1 −0.2 0.2 0.2 0.2 0.1 0.1 0.0 0.0 0.0 1.0
15. Ewe (numbers) −0.5 −0.2 −0.1 −0.5 −0.2 0.0 −0.2 −0.2 −0.5 0.2 0.2 0.2 0.2 0.3 1.0
16. Lamb (numbers) 0.1 0.5 0.2 0.1 −0.4 0.1 0.1 0.1 0.2 1.0 0.2 1.0 0.2 0.1 0.2 1.0
17. Ewes ($/head) 0.4 0.4 0.9 0.4 0.0 0.6 0.9 1.0 0.3 0.2 0.4 0.2 0.4 0.2 −0.1 0.2 1.0
18. Ewes bought (numbers) −0.4 −0.1 0.5 −0.2 0.2 0.4 0.5 0.5 −0.2 0.1 0.0 0.1 0.0 0.2 0.3 0.1 0.5 1.0
19. Feed wheat prices
(AUD/t) −0.2 −0.4 −0.3 −0.3 0.4 −0.2 −0.2 −0.4 −0.3 −0.3 −0.1 −0.3 −0.1 −0.4 −0.3 −0.3 −0.4 −0.3 1.0
20. Total supplement fed
(tonnes) −0.2 −0.6 −0.5 −0.3 0.2 −0.5 −0.4 −0.4 −0.3 −0.6 −0.7 −0.5 −0.7 −0.1 0.0 −0.5 −0.5 −0.1 0.3 1.0
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In fitting distributions for the univariate input variables from Appendix A, all potential
distributions including, but not limited to, uniform, triangular and PERT distributions [35]
were considered. The probability density functions of these distributions are given by:
funi f orm(x; a, b) = (b− a)−11{x∈[a,b]}, −∞ < a < b < ∞, (1)





−∞ < a ≤ b ≤ c < ∞
(2)
fpert(x; a, b, c) =
(x−a)α1−1(c−x)α2−1
B(α1,α2)(c−a)α1+α2−1
1{x∈[a,c]}, −∞ < a ≤ b ≤ c < ∞,
α1 =
6(µ−a)
c−a , α2 =
6(c−µ)
c−a , µ =
a+4b+c
6 , B represents the Beta function
(3)
where α = 1 + 4 b−ac−a and β = 1 + 4
c−b
c−a . In the above equations, 1{A} represents the
indicator function which takes a value of 1 if the condition A specified in the curly bracket
is satisfied, and 0 otherwise. The best-fitted distributions were selected using the Akaike
Information Criterion (AIC), which takes into account both the likelihood (L) and the
number of parameters (k):
AIC = −2log L + 2k. (4)
All fitted distributions were visually checked against the empirical distributions.
These multivariate input distributions were correlated using copulas (Hardaker et al.,
2015). Mathematically, for d random variables X1, X2, . . . , Xd with marginal cumulative
distributions functions FXi (x), the joint cumulative distribution function can be written as
FX1X2···Xd(x1, x2, . . . , xd) = Cθ
(
FX1(x1), FX2(x2), · · · , FXd(xd)
)
, (5)




FX1(x1), FX2(x2), · · · , FXd(xd)
)
, (6)
where Φd,R represents the cumulative distribution function of the d-dimensional zero-mean
normal distribution with covariance matrix R. The type of copula was selected using the
“Maximum Likelihood Estimation (MLE) (High Accuracy)” functionality in the software.
Under this method, the potential copulas’ parameters were estimated by maximising the
joint likelihood function of the observed data. Again, AIC was used to choose the final
copula type. These fitted input distributions and the copula function were used to drive
the Monte Carlo simulation with 10,000 iterations. All these analyses were carried out in
a Microsoft Excel® based farm budgeting spreadsheet using @RISK8.1® [36] to fit copula
and execute simulations.
3. Results
The farm gross margin (GM) mean and standard deviation with variable prices and
costs was $97 and $258/ha compared to $176 and $162/ha, respectively, for constant prices
and costs (Figure 3). The coefficient of variation (CV) for estimated GM was nearly three
times higher (0.92 vs. 2.65) when market prices and costs over the study period were
assumed to be variable, compared to the constant price approach (based on means) used
by GrassGro.
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Figure 3. Annual gross margins (GM) for sheep enterprise with constant (grey bars) and variable prices (dark bars).
Total gross margins (TGM) were negative 35% of the time (Figure 4a) for all D:E
scenarios. As a tool for sensitivity analysis, the tornado graph (Figure 4b) showed that
variation in the quantity of total wheat supplement fed had the largest impact on the gross
margin values. In good years, when less supplementary feed was needed, a TGM of around
$490,000 could be achieved. In contrast, during a bad year, i.e., a drought year when large
amounts of supplementary feed were needed, a TGM of around −$328,000 resulted. TGM
was also heavily dependent on the net carcase weight (cwt) of wether and ewe lambs sold,
which was very much dependent on pasture growth as lambs were not supplementary fed.
In good years when wether and ewe lambs were heavier, a TGM of $425,000 and $418,000
could be achieved, whereas, in a bad year, the TGM losses were −$249,000 and −$243,000.
Net profit (NP) or annual growth in equity was negative 53%, 55%, 57%, 59% and 60%
(Figure 4c) of the time at the end of Year 10 for the five scenarios, i.e., 0% to 40% opening
D:E ratios, respectively.
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indicates the proportion of simulated TGM being greater than zero. The percentage on the top-left of the graph indicates the
proportion of simulated TGM being less than or equal to zero. Summary statistics for each D:E scenario are provided on the
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Figure 5a shows the probability of farm D:A ratio, as a measure of solvency, being
greater than 50% for the five D:E ratio scenarios. Starting D:E ratios of 30% and 40% had a
1% and 6% probability of reaching a 50% D:A ratio within the first 12 months. The 40%
D:E scenario had more than a 50% probability of the debt being higher than equity (a
D:A > 50%) by the sixth year. The 30% D:E scenario reached an equivalent level by the 8th
year, and the 20% D:E scenario by the 10th year.
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Figure 5. (a) Probability of farm debt to asset (D:A) ratio being greater than 50% under different starting debt levels (D:E
Scheme 0. 20%, 30% and 40%) over the 10 year simulation period. (b) Probability of farm debt to asset (D:A) ratio being
greater than 100% (point of insolvency) under different starting debt levels (D:E scenarios 0%, 10%, 20%, 30% and 40%) over
the 10 year simulation period.
At a more extreme level, Figure 5b shows the probability for the five D:E scenarios
of farm debt rising to a level higher than assets, i.e., a D:A of 100% or more and being
the point of insolvency. All five D:E ratio scenarios maintained a 1% to 10% probability
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of reaching insolvency by the fourth year. Starting D:E ratios of 30% and 40% reach more
than 40% probability by the 10th year.
The business median gearing KPI D:E ratios showed the extreme nature of loss for
higher debts. The ratio resulted 12% for D:E scenario 1 and as high as 434% for scenario 5
in year 10. D:E Scenario 5 shows debt was 4.34 times larger than equity, i.e., ~19% equity,
which corresponds to the median E:A ratio (Table 4).
Table 4. Financial Ratios as Median Values for Key Performance Indicators (KPIs) for the five Opening Debt (Debt to Equity
ratio) scenarios.
KPIs 0% Opening D:E Ratio 10% Opening D:E Ratio 20% Opening D:E Ratio 30% Opening D:E Ratio 40% Opening D:E Ratio
Year 0 Year 10 Year 0 Year 10 Year 0 Year 10 Year 0 Year 10 Year 0 Year 10
Assets $3,674,965 $3,301,968 $3,674,965 $3,251,363 $3,674,965 $3,229,824 $3,674,965 $3,218,557 $3,674,965 $3,211,812
Debt $0 $332,822 $333,000 $1,047,099 $613,000 $1,652,257 $847,000 $2,155,493 $1,050,000 $2,594,351
Equity $3,674,965 $2,868,199 $3,341,965 $2,146,854 $3,061,965 $1,536,122 $2,827,965 $1,043,859 $2,624,965 $597,946
Gearing D:E * 0% 12% 10% 49% 20% 108% 30% 206% 40% 434%
Equity E:A * 100% 87% 91% 66% 83% 48% 77% 32% 71% 19%
Solvency D:A * 0% 10% 9% 32% 17% 51% 23% 67% 29% 81%
Year 1 Year 10 Year 1 Year 10 Year 1 Year 10 Year 1 Year 10 Year 1 Year 10
ROC * −0.1% 0.5% −0.2% 0.5% −0.1% 0.5% −0.2% 0.5% −0.2% 0.5%
ROE * −1.1% −1.1% −1.7% −2.7% −2.2% −5.2% −2.7% −9.5% −3.2% −19.2%
TGM $99,749 $121,273 $99,035 $120,453 $99,570 $120,642 $99,053 $120,693 $99,185 $121,345
EBIT −$5251 $16,273 −$5965 $15,453 −$5430 $15,642 −$5947 $15,693 −$5815 $16,345
NP −$41,251 −$30,766 −$55,285 −$58,661 −$65,950 −$80,103 −$75,827 −$99,034 −$83,815 −$114,634
Year 0 Year 0 Year 0 Year 0 Year 0
NPV −$1,328,092 −$1,333,242 −$1,332,017 −$1,327,591 −$1,331,184
MIRR −0.5% −0.5% −0.5% −0.5% −0.5%
Year 10 Year 10 Year 10 Year 10 Year 10
CVaR10 −$4,927,658 −$5,119,387 −$5,281,562 −$5,416,217 −$5,535,020
* Note: These ratios were calculated from the median asset, debt, equity. Earnings before interest and taxation (EBIT) and Net profit (NP)
values. D:E is Debt to equity, E:A is Equity to assets, TGM is total gross margin, Debt to Assets is D:A ROC is Return on capital, ROE is
Return on Equity, MIRR is modified internal rate of return.
Similarly, the median equity KPI of E:A ratios resulted in 81% ratio for D:E scenario 1
to 19% for scenario 5 by year 10. In the case of D:E scenario 5, for example, equity declined
to 0.19 times of assets, although it started at 0.71 in year 1.
The farm business median solvency KPI of D:A ratios reflected higher closing median
debts. For D:E scenario 1 it ended up to be 10% starting from 0% in year 1. For D:E
scenario 5, however, it was as high as 81% in year 10 from 29% in year 1, showing the
compounding impact of debt. As expected, the median ROC for the first and final year
was identical across all D:E scenarios due to EBIT and assets being the same across all the
D:E scenarios. However, due to the impact of gearing on ROE [25], the median ROE was
markedly different across all D:E scenarios. With increasing debt levels from year 1 to
year 10, the impact of higher finance costs and higher gearing (D:E ratios) resulted in NP
and subsequent ROE to decline, which also results in equity declining over the years. For
0% D:E scenario, the mean ROE was −1.1% for both year 1 and 10, whereas for 40% D:E
scenario, it was −3.2% for year 1 and −19.2% for year 10.
Median NPV was -$1.3 million (Table 4), with a probability of being negative 70% of
the time for all five D:E scenarios. Median MIRR was −0.5%, with a 73% chance of being
less than the hurdle rate of 4% real interest rate for the decadal cash flows. The CVaR10
showed that for the lowest 10% of growth in equity values (value change in net worth), all
D:E scenarios lost equity with the average potential net loss in equity between $4.9 m and
$5.5 m.
4. Discussion
The uncertainty and variability in production and prices make farming a risky busi-
ness. Copula driven Monte Carlo simulations provide a tool to understand the impact
of these variabilities on the profitability of farm businesses. A higher CV, compared to
the situation where prices and costs were kept static, was observed in this analysis when
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variabilities from different sources were joined. At gross margin (GM) level of analysis,
65% of years showed positive returns-whereas at EBIT level (inclusive of business risk and
fixed costs), it was only profitable 52% of the time, and with consideration of financial
risks, NP was profitable 46% of the time under D:E scenario 1 and 40% of the time under
D:E scenario 5. This clearly indicates the importance of considering the profitability of
agricultural activities and investments at the whole farm level, especially when the returns
on these investments are gearing dependent.
Univariate distributions [36] of the input variables (i.e., price, quantity and cost)
allow the study of individual impacts on the profitability of farms (Figure 4b). The total
quantity of wheat supplement fed provided the largest impact. The net weight of ewe
and wether lambs sold ranked the second and the third, respectively. These highlight the
effect of weather variations, particularly the adverse impact of drought in this analysis.
The maintenance of the flock size at five ewes per hectare during the periods of drought
may have impacted the profitability. Alternatively, farmers have the option to destock or
modify their grazing practices. This alternative strategy may have helped minimise the
losses and reduced the accumulation of debt. The effectiveness of such tactical adjustments
to stocking rate depends on the marginal costs of feeding to retain stock during a drought
compared to the net costs of replacing animals’ post-drought. This would be subject to
both the severity of the drought and the volatility of both supplementary feed prices and
livestock prices during the drought and post-drought period [37]. The impact of such
strategies can be more effectively ascertained with the approach applied in this study.
Inferred agricultural profitability reduced by a large extent, and risk escalated when
all costs (Figure 4c) were considered in the five D:E scenarios. This highlights the risk of not
taking all costs into consideration. Over time, the risk was summarised using cumulative
distribution frequencies (Figure 4c) that showed the range of likely outcomes for NP or
annual growth in equity. At the end of year 10, the D:E scenario with the highest opening
debt had a negative NP 60% of the time due to debt servicing costs, highlighting the impact
of debt on financial risk and on profitability and net wealth. A higher number of drought
years would put such a farm, even without any opening debt, in financial difficulty with a
probability of 53% in making a loss. This analysis highlights the need for farms to plan for
poor years, as with increasing climate variability, it is likely that increasing proportions of
farming businesses may be at risk if they do not adopt drought mitigation strategies.
Median ending decadal cash balance, i.e., debt accumulation, tells a similar story
(Table 4), as does the effect of debt on the net worth of the farm over time. Hutchings
and Nordblom [9] define a farm as financially viable if it’s chance of having a positive
growth in equity over a random decade is greater than 60%. According to our study, this
does not occur under any D:E scenario, with the probability of positive equity growth
ranging between 41% to 33% for D:E scenarios 1 to 5. Given the correlations between the
input variables taken into account through the method applied, it may be exacerbating the
negative interactions between variables and their impact on profitability. Another reason
for the difference in outcome may be that this study used a single livestock enterprise
whereby Hutchings and Nordblom [9] was based on a mixed farming system in which
diversification is known to improve financial stability [29].
The solvency and gearing ratios became worse from year 1 to 10 as we moved from
low debt to high debt scenarios. In this study, a higher gearing ratio only results in
negative outcomes when ROC is less than the interest rate (4%). When ROC is higher
than the interest rate, then more highly geared the business is, more positive are the gains
in equity [29]. The challenge in agriculture is the large variability in TGM, EBIT and
subsequent ROC, where the latter can often be lower than the cost of finance. Hence,
highly geared businesses, as is the case in this study, accelerate towards larger losses in net
wealth/equity, or even worse, insolvency within a short period of time.
The median ROC was the same in all D:E scenarios (Table 4), as the cost of servicing
debt is not considered for in the calculations. The median ROE in the tenth year, however,
was much worse as we moved from low to high opening D:E ratios, which resulted from a
Agriculture 2021, 11, 366 13 of 19
smaller NP divided by even smaller equity. Under all D:E scenarios–year 1 results indicate
that the business is negatively geared, i.e., ROE < ROC, therefore ROC < Interest rate, so
any debt is undesirable. Table 4 only showed the median value to highlight the long term
impacts of drought within the ongoing debt levels and business resilience; however, the
variability of ROE in year 10 would be increasing. CVaR10 showed the downside risk for
all five D:E scenarios (Figure 5a,b), with scenario 5 making the biggest losses, although all
opening D:E ratio scenarios made substantial losses at the tail end. The CVaR10 values are
higher than the starting equity for all. Krause [38] regard >30% as a weak (<10% as strong)
debt to asset (D:A) ratio, whereas the 50% solvency ratio used as a threshold in Figure 5a
corresponds to a situation where if farm’s debt position gets worse than that, lenders are
not likely to continue supporting the business.
5. Conclusions
Increasing gearing leads to more variable equity growth and increased chances of
losing equity. If farmers do nothing to change their management in response to drought
(especially reducing debt), then they are likely to increase their chance of insolvency.
Although it would be advisable to keep equity levels above a prescribed threshold level,
there is uncertainty around what is a safe level of debt. To define a safe level of debt,
this study showed that it requires region and farm enterprise-specific analysis, as well
as also being dependent on a farmers’ attitude to risk [12]. Further research directions
include applying a similar method to conduct further analyses in different contexts, such as
comparing mixed crop-livestock enterprises in different areas. To better assist local farmers
in making decisions, especially given the likelihood of droughts in Australia and the severe
impacts of accruing liabilities, risk profiles for different sheep producing regions could also
be created.
In calculating the gross margins, GrassGro assumes all prices are static, and this is
useful for some purposes. However, constant prices and non-whole farm-level analysis
certainly does not help farmer make decisions in the context of their resilience to drought
shocks and long term viability, as a gross margin and constant price approach grossly under-
estimates both business and financial risks in agricultural investments. By incorporating the
variability in input costs, output prices and production due to extreme weather conditions,
the usefulness of GrassGro is further enhanced, which allows more accurate and realistic
financial risk assessment.
If the recent climate (during a period of quite extreme variability) is a reflection of
the future climate, this work highlights the importance of considering the true financial
performance of a business and the need to tactically and strategically modify management
to ensure long term financial viability.
It reinforces the need for farm managers to consider their debt levels/leverage and
their capacity to generate returns in excess of the cost of external liabilities, rather than rely
on gross margins as the key tool in supporting decision making.
Using the copula-based approach described in this research enables farm managers
and their advisors to better explore alternatives under more realistic environmental and
market variability.
It is known that the individual distributions of the input variables have a considerable
impact on the copula fitted and hence the simulation results [39]. While the distributions
were selected based on AIC in this work, other measures such as those mentioned in [40]
would be used. Other methods such as the hybrid method proposed by [41] may also be
considered. The study on the impact of different choices of individual distributions will be
left for future research.
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Appendix A
Historical annual market prices, variable costs and quantities for the 1000 ha merino ewe and first-cross lamb enterprise (all inputs are variables). Individual univariate
probability distributions were fitted on the input variables in the first six columns for shearing, husbandry, rams replacement costs, pasture maintenance and establishment costs.



































































































2002 15.4 16611 2.3 18.4 814 27.4 4.8 4.0 13.4 2660 13.1 2655 12.0 4912 4872 5315 96 1070 307 432 16.7 1000
2003 14.9 16189 2.9 15.3 835 28.3 5.5 4.9 11.5 2588 6.7 2583 6.7 4900 4873 5171 123 1110 435 1274 16.7 1000
2004 12.1 14950 2.7 19.1 921 28.3 5.4 4.7 15.0 2499 8.5 2505 8.4 4922 4862 5004 130 1124 306 826 16.7 1000
2005 10.5 15332 2.4 12.5 834 29.2 4.8 4.2 7.9 2749 9.0 2738 8.9 4935 4901 5487 116 1202 262 760 16.7 1000
2006 10.9 16656 1.9 14.1 804 24.1 4.4 3.5 10.1 2733 10.8 2739 10.0 4917 4901 5472 100 1087 251 1073 16.7 1000
2007 13.3 11938 2.0 13.4 825 27.5 4.1 3.4 9.7 2549 11.7 2540 10.9 4920 4892 5089 94 1052 363 1095 16.7 1000
2008 11.5 15605 2.4 12.5 871 27.9 4.8 3.9 9.0 2834 14.4 2839 13.0 4916 4883 5673 104 1078 522 499 16.7 1000
2009 9.9 15457 3.0 8.0 939 28.7 5.3 4.4 4.5 2694 15.9 2700 14.1 4918 4896 5394 116 1137 389 776 16.7 1000
2010 11.2 15644 4.4 16.5 846 29.1 5.9 5.4 12.6 2718 17.6 2731 15.8 4908 4896 5449 155 1173 275 315 16.7 1000
2011 15.4 17173 4.7 23.3 791 29.3 6.3 6.2 18.0 2863 18.1 2856 16.2 4930 4880 5719 177 1110 298 21 16.7 1000
2012 13.6 16672 2.8 15.8 820 28.9 4.6 4.4 11.7 2860 15.7 2866 13.9 4908 4880 5726 123 1095 250 123 16.7 1000
2013 12.8 15359 2.2 14.3 858 28.9 4.6 3.9 10.8 2809 16.1 2822 14.5 4904 4881 5631 104 1104 330 634 16.7 1000
2014 12.2 16557 3.3 9.5 899 28.6 5.4 4.8 6.3 2623 15.6 2603 13.6 4907 4876 5226 125 1121 325 349 16.7 1000
2015 13.2 16236 3.7 12.4 813 28.6 5.7 5.3 8.4 2765 16.8 2756 15.0 4913 4892 5521 140 1175 304 601 16.7 1000
2016 14.5 16162 3.6 15.2 851 29.4 5.8 5.6 9.5 2392 18.6 2394 16.5 4919 4889 4786 149 1082 285 516 16.7 1000





















Min 11.4 7.8 7.8 500 35.6 0.0
Most
Likely 11.9 9.0 9.0 746 38.9 26.5
Max 12.1 10.6 10.6 2500 40.5 0.0
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Appendix B
The net worth or owner’s equity in the farm was defined as:
Net worth = Total f arm assets− Total f arm liabilities (A1)
Risk profiles are generated from the balance sheet. The profiles were represented
using cumulative distribution functions (CDFs) [12], demonstrating the stochastic nature
of growth in equity and called “distributions of decadal change in equity”. Examples based
on mixed farming systems in Australia can be found in Hutchings [43].
The balance sheet was driven by the linked annual profit and loss budgets. Solvency
ratios such as debt to assets and equity to assets, expressed in percentages, were used to
determine if a farm could survive during an economic downturn. These were calculated
from the balance sheet by dividing the farm owner’s total debt and total equity by the
total assets managed to represent the number of assets on which the owners have a
residual claim.
Debt to assets ratio =
Total f arm Debt
Total f arm Assets
× 100% (A2)
Equity to assets ratio =
Total f arm Equity
Total f arm Assets
× 100% (A3)
The debt to equity ratio was another leverage ratio which compares the farm’s total
liability to its total equity. Essentially this ratio uses the farm’s balance sheet to measure the
proportion of the business financed by creditors versus what the owners have committed.
Debt to Equity ratio =
Total f arm Liabilities
Total f arm Equity
× 100% (A4)
Unless the amount of capital utilised to produce the profit is taken into account, profit
alone does not illustrate economic efficiency. Return on capital (ROC), or assets managed,
examines the farm’s efficiency in generating returns through capital resources allocation.
ROC =
Operating pro f it or EBIT
Total assets managed
× 100% (A5)
The return on owner’s equity (ROE) ratio provides a measure for the return generated
based on the capital invested by the owners.
ROE =
Net pro f it
Total Equity
× 100% (A6)
These key performance indicators (KPIs) were reported in both opening and closing
balances every year.
Profitability in each year was then estimated using a profit and loss budget and a farm
business growth method adopted by Malcolm, Makeham and Wright [28]. The total gross
margin (TGM) was calculated as the difference between the farm gross income (GI) and
the total variable costs (TVC):
TGM = GI + or− change in livestock asset value− TVC (A7)
The gross income (GI) is defined as the price (P) of output produced multiplied by the
quantity (Q) of output. Both P and Q are variable for any farms, hence involving risk. These
P and Q were correlated and jointly defined a multivariate distribution, which was used to
simulate yields and prices data that mimic the real world. Distributions of profit and loss
budgets and cash flows over ten years were generated by conducting 10,000 iterations of
simulations for each of the debt scenarios. In each iteration, prices, quantities and costs
were simulated through the multivariate distributions fitted from historical data. Financial
ratios and indicators were hence derived.
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Sensitivity analysis was carried out by analysing the mean changes in the TGM values
under various input variable scenarios. Specifically, the simulated values of inputs were
first sorted in ascending order. These values were then grouped into ten equal-sized
bins, each representing a scenario. The mean TGM under each scenario was computed.
The entire range as well as the means of the lowest and highest ten gross margins were
presented in the form of a tornado graph.
Earnings before interest and tax (EBIT) was estimated as the total gross margin (TGM)
less the overhead or fixed costs (OH). EBIT was also referred as farm operating profit (OP),
which was considered as a reward to everyone who contributed to the capital used in the
business. A managerial allowance amounted $60,000 plus family drawings of $36,000 was
deducted before obtaining net growth. An annual depreciation of 5%, calculated using a
straight-line balance method, of capital invested in machinery was considered as the only
fixed cost. The annual depreciation was calculated as:
Annual depreciation = (book value at beginning o f year)× R (A8)
where R was a constant rate, and the earnings before interest and tax (EBIT) was calcu-
lated as:
EBIT = TGM−OH (A9)
The reward to the farmer’s capital, net farm profit before tax (NPBT), was calculated
as EBIT less interest.
NPBT = EBIT − interest paid to creditors (A10)
Tax was not dealt with in this analysis to keep the Net profit comparison basis the
same for five farm debt scenarios as it would have given an undue advantage to the farm
with higher debt.
NP or growth in equity = NPBT − living expenses (A11)
For all assumed debt scenarios, in the years the business was unable to repay its
liabilities, i.e., if operating profit exceeded the combined total of interest on loans and
family drawings, these repayment amounts were paid directly from the operating profit,
or else were met from the bank overdraft facility and the balance carried forward to the
next period.
Cash flow is defined as earnings after tax plus depreciation. Depreciation and interest
were added back to the net farm income. Net present values (NPVs) were estimated for
all the five scenarios, assuming that the initial investment in year zero was all the capital
invested in the farm business/project, including debt and owner’s equity. A discount or
hurdle rate RR of 4% per annum based on Australian Bankers’ Association [44] nominal
6.5% interest rate (R) estimates to move the cash flows (CF) from year 1 to 10–each cash
flow was multiplied by the discount factor to move the CF back in the current period of
2017, commonly known as discounting and using an average of annual inflation (π) for the




− 1 = 1 + 6.5%
(1 + 2.4%)
− 1 = 4% (A12)
Mathematically, NPV can be calculated as
NPV = PV (Bene f its)− PV (Costs) (A13)
The decision is to accept the project if NPV > 0.






+ · · ·+ CFn
(1 + RR)tn
+ salvage value (A14)
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where I0 was the initial investment cost of capital or capital expenditure (CAPX), CFi was
the cash flow in period i, ti was the time the ith cash flow was received, RR was the discount
or hurdle rate, assumed to be constant for the whole period. The salvage value was that
leftover at the conclusion of the project, which was assumed to be the closing farm asset
value excluding any cash surpluses received in all five gearing scenarios, i.e., debt to equity
(D:E) ratio scenarios.
The modified internal rate of return (MIRR) [31] was used to compute the investment’s
attractiveness. The rate at which the capital was borrowed was 4%, and the rate at which the
funds could be reinvested was 2%. The decision rule is to accept the project if MIRR > RR, in
the prospect of good years in the future, although here the evaluation is made in retrospect
given the occurrence of terrible drought.
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